Research shows that participation in rural non-farm activities exerts a pronounced impact on agriculture, household farm decisions, rural development, income and welfare as well as household food security. This paper investigates the impact of participation in non-farm activities on household income and food security among farm households in the Upper East and Upper West Regions of Ghana. Using the Recommended Daily Calorie Required (RDCR) approach, the study finds that 45 percent of households in the two regions are food insecure. Propensity score matching (PSM) results indicate that participation in non-farm work has significant positive effect on household income and food security status. The policy implications of the findings are discussed.
Introduction
The problem of food insecurity is rife in many developing countries of the world. Although emerging economies are experiencing rapid economic growth, resulting in increased food security scores, the gap between developed and developing countries is still wide. The situation is more acute for Sub-Saharan Africa (SSA), with the region taking bottom spot in the 2015 Global Food Security Index (GFSI) rankings [1] . Although agriculture-powered growth have played a key role in tackling food insecurity and improving the economies of many Latin American Ghana. 4 Moreover, these regions are often plagued by conflicts resulting in the loss of assets and increased vulnerability. In addition, these regions suffer adverse weather conditions and frequent fluctuations in crop prices as well as reduction in levels of food stock due to seasonality [22] . Thus, in terms of food insecurity, these regions are ranked very high in Ghana. Earlier work to analyze the impact of non-farm activities on household food security status in Ghana have been done by [23] and [11] for the Brong Ahafo and Northern regions of Ghana, respectively. Both these two studies find that non-farm work positively impacts on household income and food security status in selected regions in Ghana. [23] evaluated how participating in both wage-and self-employment non-farm work impacts on farm household income in Brong-Ahafo Region of Ghana. The results from the study showed that non-farm employment has a significantly positive effect on farm household income and as well significantly reduces the likelihood of being poor. Similarly, [11] examined the impact of non-farm work on household income and food security among farm households in the Northern Region of Ghana and finds that participation in non-farm work exerts a positive and statistically significant effect on household income and food security status. [24] , using the fifth round of the Ghana Living Standards Survey (GLSS 5) 5 data also found that participation in non-farm activity had a positive impact on the welfare (measured as per capita consumption per adult equivalent) of rural households in Ghana. Clearly, the positive effects of non-farm activity participation for especially rural households are numerous.
While the work of [11] focused on only one of the three northern regions of Ghana -the Northern Regionthe indicators that measured food security in their study bothered only on access to food and availability of food, neglecting the other essential facets such as quality and safety of food, which are important dimensions, but are often not considered. This paper not only focuses on the other two northern regions of Ghana, namely, Upper East and Upper West, but it also constructs an index to measure household food security while considering all the essential facets such as quality and safety of food. Furthermore, we employ a more recent survey which potentially captures current food security challenges in the two regions studied.
The rest of the paper is structured as follows. The next section discusses the methods and the data collection process. Section three presents and discusses the findings, while section four concludes with policy recommendations.
Methods and Data

Study Area and Data
To ensure reliability and a statistically representative sample, the survey took place in three districts in each of the two regions, namely, Bolgatanga Municipal, Bawku West and Kasena Nankana East districts in the Upper-East Region, and Wa Municipal, Nandom and Lambussie Karni districts in the Upper-West Region, which are all predominantly farming districts. Using [25] sample size determination, a representative sample of 400 was chosen for this study. A list of communities within the selected districts in the two regions per the 2010 Population and Housing Census was obtained from [26] . From this list, eight communities were randomly selected from each of the two municipal districts while six communities were selected from each of the other 4 districts. Ten households were surveyed in each of the selected communities, thus totaling eighty household interviews in each of the two municipal districts and sixty interviews in each of the four other districts. The choice of eighty households from selected communities in each municipal district and sixty households from selected communities in each of the four other districts, was informed by key informant interviews which pointed out the likelihood of the more urbanized or municipal districts to have a higher concentration of non-farm participants and the likelihood of the other districts to have a higher concentration of full time farm households. Thus, it enabled us to interview a sizeable proportion of farm households that also engage in non-farm work. Moreover, it is worth noting that although Bolgatanga and Wa are municipal districts, there are some communities that are rural in nature. Data collection was begun in the second week of January, 2014 and lasted for four weeks. The data was entered and analyzed using STATA 13.
Construction of Food Security Index
In order to assess the impact of non-farm activities on household food security, we constructed a food security index. A Food Security Index (Z) is constructed to determine the food security status of each household based on a food security demarcation using the Recommended Daily Calorie Required (RDCR) approach employed by [28] and [29] . The Food Security Index is given by:
where Z i denotes Food Security Index for the i th household; A i is Actual Daily Calorie Intake of i th household and R i is the Recommended Daily Calorie Required (RDCR) of the i th household. The study employed [30] and [31] standard of 2,900 kcal as the standard for daily recommended calorie level which is required to be consumed by each household. Evidently, different age groups have different calorie requirements. Thus, all households were categorized into three different age groups, namely, at most five years old, between six and 18 years, and above 18 years. The daily energy calorie requirements of each of the three age groups of the household were converted to the adult equivalent using the conversions shown in Table 1 .
The adult equivalent of the total energy requirement for children is obtained by multiplying the total number of children below age six in each household by a conversion factor of 0.4 and RDCR of 2900 kcal. The adult equivalent of the total food requirement for children between six and 18 years is obtained by multiplying the total number of household members within this age bracket by a conversion factor of 0.7 and RDCR of 2900 kcal. In the case of persons aged over 18 years, the total number in each household is multiplied by the recommended calorie requirement of 2900 kcal. The total Daily Calorie Requirement (DCR) for each household was obtained by summing the requirements for the three age groups.
Households' daily food consumption or Daily Calorie Intake (DCI) was obtained from households' own food production and purchases to supplement farm production. The data on actual food quantity of maize, millet, rice, beans groundnut, and yam consumed by each household per week or month was converted into kilogram. The energy content of 1kg of each foodstuff (maize, millet, rice, beans, groundnut, and yam) is presented in Table 2 .
The total quantity (in kilogram) of each food consumed was then multiplied by the energy content (e.g. total kilogram of maize consumed per week *3950 kcal = total kcal of maize consumed). This was done for all the other foodstuff. The total kilocalories of maize, millet, rice, beans groundnut, and yam consumed by each household were added, converted to yearly averages and divided by 365 to obtain Actual Daily Calorie Intake. Households whose DCI was greater than or equal to their RDCR were deemed food secure households while households whose DCI was less than their RDCR were considered food insecure households. 
Modeling Non-Farm Activity Participation
A farm household's decision to either participate in non-farm work or not is assumed to be the outcome of a vector of factors related to the farmers' resources and constraints. As noted by [33] , a positive number of non-farm hours will be observed for an individual if the potential market wage is greater than the reservation wage. However, these differential wages are not observable. What is observed is the decision to participate, or not to participate in non-farm work. This study postulates that a farm household will only engage in non-farm work when it gains extra income to complement its farm income (reservation wage). The study begins by observing participating and non-participating households, as to whether they differ significantly in terms of household characteristics, farm characteristics and assets. Thus, Logistic regression model is employed to estimate the determinants of non-farm work participation and to generate estimates for propensity scores. Based on theoretical and empirical considerations (see [34] - [37] ), we specify the following model for nonfarm employment participation: The dependent variable is non-farm work participation (Nfarm) and takes the value 1 if at least one member of the household participates in non-farm work, and zero otherwise. Participation in non-farm activity by a household is specified as a function of household demographic, socio-economic and community variables. The definition and measurement of the explanatory variables are presented in Table 3 .
Propensity Score Matching
The outcome variables are food security (FSS) as measured by the RDCR index and household income (HHINC) measured in local currency units (Ghana cedis, GH¢). According to [38] , an impact evaluation is essentially a problem of missing data, because of the inability to observe the outcomes on intervention participants had they not enrolled or without observable information on the counterfactual. [38] emphasizes that it is ethical to choose a comparison group that is very similar to the treated group, such that the treated group would have had outcomes similar to those in the untreated group.
[39] pointed out several stages in propensity score estimation. First, propensity scores are estimated, and then an appropriate matching algorithm is selected. These steps are followed by a revision of overlap and assessment of matching qualities. The predicted propensity scores can then be used to estimate treatment effects. The most common treatment effects in the evaluation literature include the Average Treatment Effect (ATE) which captures the treatment effect for the whole sample, Average Treatment Effect on the Treated (ATT) or the participation effect, and the Average Treatment Effect on the Untreated (ATU). Notably [40] indicate that the parameter of interest in the estimation of the propensity score is the Average Treatment Effect on the Treated (ATT) since it suffices in providing specific estimate of the impact of participation on non-farm work.
However, having assumed confoundedness, one acceptable approach to assessing relevant outcomes in a counterfactual framework is to examine not only the ATT but also the ATU which captures the effect of treatment on individuals who do not participate in non-farm work. Several matching algorithms can be used including the nearest neighbor matching, caliper matching, and the kernel matching. This paper employs the nearest neighbor matching technique, which matches either with or without replacement each participant with its closest neighbour with similar observed characteristics. The advantage of this technique is that it reduces biasedness given that each treatment group can be matched to the nearest comparison group as a result of a reduction in the propensity score distance.
The propensity score ( ) i p Z is defined as the conditional probability of participating in non-farm work given pre-participation characteristics:
where
is the indicator of non-farm work participation and i Z denotes a vector of pre-participation characteristics, and F{ . } can be a normal or logistic cumulative distribution. The propensity score can be predicted with either the logit or probit model [41] . The predicted propensity scores can then be used to estimate treatment effects. Given the propensity score ( ) i p Z , the three effects are evaluated as: Table 4 presents the food security status of sampled households with the use of recommended daily calorie intake of 2900 Kcal. The result indicates that more than half of the respondents (55%) were food secure while the remaining 45% were food insecure. The summary statistics of food security status of farming households showed that the average food security index for food secure households was 1.49 (i.e. above the threshold of 1). Table 5 reports the descriptive statistics of the means, standard deviations and the difference in means for participants and non-participants of non-farm employment in the study areas. The means of both outcome variables were significantly different between participating and non-participating households before matching was done. Other variables such as age, basic education attainment by household head, village group membership, road network condition, number of farms owned, motorbike, truck and mobile phone possession had means which differed significantly between participant households and non-participant households.
Results and Discussion
Food Security Status of Households
Descriptive Statistics and Mean Tests
Impact of Non-Farm Employment on Income and Food Security
Equation (2) is estimated by logistic regression for the determinants of participation in non-farm employment. The results from the logit estimation are shown in Table 6 . Among all the variables, the ones that significantly determine participation are region, basic education attainment, village group membership, road network, distance to the nearest health facility, number of farms owned, motorbike, truck and mobile phone possession.
The propensity scores are computed based on the logistic model and they serve as a tool to balance the observed distribution of covariates across the treated and the untreated group [11] . The distribution of propensity scores before and after matching as shown in Figure 1 indicates that estimating the p-score balances the treated and untreated groups adequately, a result which highlights the importance of the PSM approach.
The results of the treatment effects (ATE, ATT and ATU) for non-farm employment participation was computed by the near neighbor matching technique and is presented in Table 7 . It can be observed that this matching technique produced consistent estimates of the treatment effects on the participation of non-farm employment.
The results from this matching technique were very robust, signifying the appropriateness of the matching algorithm employed. The ATT for household income indicates that participating in non-farm work increases household income by some Ghȼ5528. The ATE is Ghȼ5210, indicating the magnitude by which non-farm work participation increases household income for the total population. Similarly, the ATU of Ghȼ 4695 on household income shows that if non-participants of non-farm work were to participate, their household incomes would increase by about Ghȼ4695. The ATT on food security from non-farm work participation is 0.42, which is statistically significant and indicates that participating in non-farm work increases the food security index by 0.42 Significant at 5% and *** Significant at 1%; Source: Authors' computation using STATA 13. points. An ATE of 0.37 on food security shows that non-farm work participation increases food security index by 0.37 for the total population. An ATU of 0.32 on food security indicates that if non-participants of non-farm work were to participate, their food security index points would increase by about 0.32. The value of the coefficient of the treatment effects indicate that the Average Treatment Effects for the treated (ATT) are higher than the Average Treatment Effects for the whole sample (ATE) and the Average Treatment Effects for the Untreated (ATU) for both household income and food security status. This finding indicates that households that have a higher probability of participation in non-farm employment receive higher incomes and enjoy improved food security status compared to households that do not participate in non-farm work. Our findings corroborate [12] . It also confirms the works of [10] and [11] who showed that non-farm work participation boosts household income and welfare.
Results from the sensitivity analysis on hidden bias, which shows the critical levels of gamma (Γ) at which the causal inference of participation impact may be questioned are also presented in Table 7 . For example, the value of 3.6 implies that if farmers that have the same independent variables differ in their odds of participation by a factor of 60%, the significance of the participation on food security may be questionable. The lowest critical value of C = 3.6 and the highest critical value C = 5.8 clearly show that very large amounts of unobserved heterogeneity would not distort inference made about the estimated treatment effects. This indicates that the results are generally insensitive to hidden bias.
The indices of matching quality presented in Table 8 show substantial reduction in absolute bias for both outcome variables. Table 8 shows that the mean bias in the independent variables after matching lie under 20% level of reduction in bias as proposed by [42] .
This indicates that the PSM technique significantly balanced the covariates. The pseudo-R 2 for both outcome indicators after matching are generally low and all of the diagnostic statistics are significantly equal to zero, showing that the overall outcome from the matching are sufficient in balancing the covariates among non-farm work participants and non-participants [43] . All these findings point to the fact that when farm households in Upper East Region and Upper West Region engage in non-farm work, their food security and incomes are significantly improved.
Conclusions
This paper sought to investigate the impact of non-farm employment on household income and food security among farm households in the Upper East and Upper West regions of Ghana. A food security index, using the Recommended Daily Calorie Required (RDCR) approach, was constructed to ascertain the food security status of households. We employed the propensity score matching technique to avoid biases arising from unobservable factors that might influence participation in non-farm employment and the outcome variables, namely, household income and food security status.
We found 45 percent of households in the sample to be food insecure. The result suggests that in spite Ghana's remarkable success in halving consumption poverty over the past decades, there exists a relatively high level of food insecurity in the northern Regions as reflected by high poverty incidence indices. The propensity score matching results show that non-farm employment has a statistically significant positive effect on the income of households as well as their food security status. Our findings confirm existing literature on the effects of non-farm activity participation on the welfare of rural farm households. The paper also identifies factors such as basic education attainment, village group membership, road network, distance to the nearest health facility, number of farms owned, and ownership of assets such as motorbike, truck or mobile phone as significant determinants of non-farm work participation.
The results imply that policy must focus on promoting non-farm employment opportunities in rural farming communities in Ghana, especially in the Upper East and Upper West regions, given its impact on food security and incomes. Any policies targeted at promoting food security should go beyond just food production measures; they should include both food production measures and measures that help generate additional incomes for rural farm households through the development of alternative livelihood opportunities. Not only is diversification into non-farm work a dependable supplementary source of income for rural households, it also helps in smoothing income and consumption. Thus, while this paper is not advocating for non-farm income activities as a substitute to farming, non-farm work could be a reliable complement to farming activities. Policy should therefore focus on making non-farm work opportunities available to rural households and help them overcome entry barriers. Such measures may include increasing the access of rural households to physical, financial, social and human capital. Physical capital measures such as good roads, dependable electricity supply and general infrastructural development will help to reduce production and transportation costs. Improving access to education in rural communities would also enhance non-farm employment opportunities, particularly, non-farm wage employment. The study shows that membership of a village group has a positive association with non-farm work participation. Promotion of the formation and participation in village groups and associations, including farmer-based organizations, will go a long way in enhancing non-farm employment opportunities for rural farm households.
